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Table 3. First-stage Classifiers

~_________ Abstract MUSE Dashboards

Marist Universal Student Experience (aka MUSE) is a predictive MUSE provides predictions of academic success of undergraduate students
modeling application based on machine learning techniques that in a given course, six weeks into the semester of a 15-week course. The RF  The Random Forests algorithm (Breiman, 2001), a
provides early alert and detection of academically at-risk threshold of good academic standing is a letter grade C (students with less variation of bagging applied to decision trees
students. The system uses data from previous semesters than a C are considered at risk). To make the predictions less crisp, we tie NN A feed-forward neural network (multilayer perceptron)
enriched with student performance and demographics data to these predictions to a probability value based on the aforementioned with one hidden layer and varying number of units.
train classifiers that make predictions of student academic threshold, and we use a color coding (see Figure 2). NB  The naive Bayes algorithm with kernel estimation, to
performance a few weeks into the semester. MUSE implements a * GREEN for students in good standing (those with a probability of estimate the densities of numeric predictors.
stacked ensemble architecture to build early detection models. success > 55%) :
This machine learning method is mostly absent and minimally ©  VELLOW for student with an undetermined risk status (probability of XB ?(GBtree (Chgn and Guestrln., 2016), a recent
referenced in the learning analytics literature. Hence, this work success between 55% and 45%) |mplgmentat|on of the gradient boosted tree
makes two relevant contributions:1) it describes a methodology e RED for at-risk students (those with a probability of success < 45%). algorithm.
for building a stacked ensemble architecture learnt from data; 2) Table 4. Second-stage Classifiers
it pr(.)vid_es proof of concept of how s’Facked ensemlc.)Ies can b.e Figure 2. Dashboard with Predictions
applied in the context of early detection of academically at-risk | Class pSYC 1011 117 201930 ' - — - - —
students. Experimental tests are carried out to demonstrate the - S S - LOG  Regularized logistic regression using the the LibLinear
predictive performance of the stack when making predictions on library (Fan et al., 2008)
college-wide data. 20190122 20190517 2 5 2 179 1 LMT Logistic model trees (Landwehr et al., 2005)

Probability Of SUCCESS - Inhe pesenc of it s, the st sl the GPA i rcsen i h st e, e bessen (% - 10 Table 5. First-stage Predictor Configuration

[ § AtRisk Possibly at Risk NotatRigk + o Insufficient data for prediction F "I":r#
m * (Size of bubble represents the activity relative to others in the class) * Final Grades Displaved in Center * Ticks on Border Denote Graduate Cod e Desc ri ptio n
Students
ALL All predictors (as described in Table 2)

The numbers are appalling: in the US, the average six year — NoCS All predictors except the Gradebook composite score
degree completion below 60% for public 4-year institutions - 5, @ & D
(slightly above 65% for private), with percentages plummeting = . .
when considering black student populations or Hispanic student : - =@ Q OO Results and Discussion
populations. Four-year graduation rates are even more o ) o
worrisome (see Table1 below). <@ Table 6 displays the assessment of mean predictive
[ [ [ | [ & [ | g | performance (mean AUC) of the stacked ensemble for the
eight experiments described. The best performing 1% stage
Table 1. Average Graduation Rates in the US Activity by Week classifier’s mean AUC is reported for comparison purposes
_ bl bl b d B d B Bl el D The stack exhibited very good predictive performance when
Public 4-year 33.3% All 57.6% : i trained with all first stage predictors, outperforming all three
colleges and Black 17.4% _ Black 40.3% - I(oase cIassifiersdfor both con;‘iguratLons of first ba/se cIassifiI:ers
: - i . i . XB+NN+RF and XB+NN+NB). For the XB+NN+RF/LMT stack,
universities I BREIIE 230 |- AlspEle 202 StaCkEd ensemble Of CIaSSIerrS the mean AUC value was 0.935; for the XB+NN+RF/LOG
Private 52.8% All 65.4% Training and testing a two-stage stack with k binary classifiers in the first stack, the mean AUC value was 0.939. The naive Bayes (NB)
non-for-profit Black 29.7% - Black 44.7% stage, one binary classifier in the second stage, and 3 independent data algorithm was considerably less performant than the
4-year colleges Hispanic 46.8% - Hispanic 61.0% sets A, B, C, to avoid data leakage (see Figure 3). After the stack is trained, random forests algorithm -compare mean AUC(NB)=0.858
I tuned and tested, it can be used to make predictions on new data D. with mean AUC(RF)=0.920-, but all three classification
Figure 4 depicts the two-stage stack making predictions on incoming (and algorithms in the XB+NN+NB configuration are considerably
source: E&';ig; ;‘nge'igfn”pllgirft;?g'ncl'fl;‘;o”rf;‘er Education therefore unlabeled) data D. different from each other, as exhibited by the correlations
Data include 3,800 degree-granting institutions in the US that reported a first-time, full- between predicted proba bilities (see Table 7) The absence
E';‘Leefgeé:feleﬁ/eeelkl'nng(;‘lnsdjf;a:xztzecgtfge:‘g"‘g jt;’;:'r:;a;:ij\fetelrf’ggi‘idaen”;szgtlghe Figure 3. Training and testing a two-stage stack of Gradebook data had an expected negative impact on the
Train Predict (1st stage) predictive performance of the stack, reducing its average
ALX;y]> AXy] o G . A[X; Y] o G, CX;y]» OX;y] « M ..CX;y] « M, AUC to 0.855 for the XB+NN+RF configuration, and to values
v ¢ " " of 0.851 and 0.852 for the XB+NN+NB configuration. The
Open  EDUCAUSE NGLC grant, funded by the Gates (i) Stage 1: Training M My (v) Compute Y3 Pr: GpY L 0509 stack’s predictive performance remained superior on
Academic Foundation. ""_""_""";e_st""""" T T T average, and significant differences between mean AUC
, * Create an early alert framework of BLX:y]—> BLXiy] < M . BXiy] <M vi) Augment C: C[X;y]—>  CU)[X:¥0: Frsy] values of the stack and its component classifiers were
Analytics academically at-risk students based on open 5 Sta;el,Tesﬁng ’ . ’ . I I present in all but one configuration (XB+NN+NB/LMT). Still,
Initiative source tools. | Compute. e G5 5 65 55) o Predict Gnd Stage) it is noteworthy how well the stack performed despite the
(2011-2013) *  Pilots at community colleges and HBCUs S C(aug)[X;YC;PC;y]%C(aug)[X;YC;PC;y]“/l/lSS relatively weaker performance of the naive Bayes classifier.
* Became part of Apereo’s learning analytics i) Augment B B{X;y] > B[X; Vg P y] ) | C . oC This reveals another advantage of the stacked ensemble
LAP v1 initiative (Learning Analytics Processor). |  |-—-——————mmmmmmmm oo (i) Stage 2: Testing (ss: Pss) architecture: it cushions weaker performances of its
(2013-2017) «  Chosen in 2015 as a key component of the Train Train 1 test rack with £ components, promoting more stable
UK’s national analytics infrastructure. BUS[X; Yy Pyiy] > B[N Vg By y] v Cog raining and testing a stack wi predictions when faced with varying characteristics of the
. classifiers in the first stage, 1 data
LAP v2 * Engine based on a StaCke<_1| ensemblg. (iv) Stage 2: Training M classifier in the second stage, and '
aka MUSE ) L\:\Vﬂib'(ggizs dashboards, integrated into 3 independent datasets A, B, C. Table 6. Stack Predictive Performance Results
(2017'2019) * Open source contribution to Apereo.
Figure 4. Using the stack for prediction on new data

Classifiers |Predictors| Classif.

Predict (1st Stage) After the stack is trained, tuned and
: ' Mean
D DX]—> D[X] <M ..D[X] « M, : -

How does MUSE work: . ) tested, t can be used to make XBANN+RF AL LMT 0934 0003 0928
E————— Y D - P . . ' . XB+NN+RF ALL LOG 0.936 0.002 0.928
- S M Compute Yp; P G pD) . GF PY) Learning algorithms used to train e e o o0 oo Y

Student | - | base models should be as different A 0 : : :
————— Y tacked Data . DX DS -7 p as possible so that the predictions ‘ ; ;
sudent | R () Avgment D D{X] = (X3 1D Fp) - XB+NN+NB  ALL LMT  0.933 0.002  0.928
Demographics R ensemble of A e made by them have reIatlver low . . .
————— " binary Stacked Ensemble bredict (2nd Stage) correlations (< 0.75 - 0.80). If XB+NN+NB  ALL LOG  0.933 0.002 0.928
LVIS Activity Data | - classifiers (Prediction Time) . —— icti i i XB+NN+NB  NoCS LMT  0.851 0.002 0.846
y N (Traming Time) | el i D7 P 1> DWOXF P M predictions are highly correlated, it
m T g ! K ; : D2t D DD ¢SS indicates that the base models map XB+NN+NB NoCS LOG 0.852 0.001 0.846
1 lassifiers’ 1 .. . .
—Data N i ensemble i (1D Miake stack predictions G2 p2) ::ﬁ:?’c ;'r;;ﬁ;?!fﬁfﬁ:;éggCot;?;:;]g Table 7. Correlations of Predicted Probabilities
— T 1 - .
uaen g
| Engagement Data J U | &"r°b;b"'“e'°‘ | XB-NN 0.77 0.11 0.44 0.92
| T
Student Housing : 2nd Stage i NN-RF 0.76 0.11 0.49 0.89
~Data u : classifier I 1 I
1 | | Experimental Setup RF-XB 0.85 0.07 0.7 0.96
Oth E £ - - - - £
| e e Intervention We studied the use of a two-stage stack -which drives MUSE- trained with 0.22 0.06 0.09 0.33
At'R‘S" EIREEN undergraduate data from 10 semesters (Fall 2012 — Spring 2017). LMS NB-XB 0.34 0.06 0.24 0.45
Figure 1. MUSE Architecture student activity data is recorded as weekly frequency ratios, normalized with
| the mean and std dev. of each course. The target variable is the final grade,
. recoded as a binary variable —Academic Risk- using letter grade C as threshold Conclu5|on and L|m|tat|0ns
Table 2. MUSE input data features (see Table 2). A random sample of 31029 records (35% of the total) was used. . C t choice of classifiers is discreti tate of th
Predictors We performed 8 batches of experiments, using 2 different configurations of urrtlen (; 0|ceho ¢ ,asl‘;' |ersb|sb.;'sc-re |or;a(rj'y'/fés ate ot the H
Gender, Age, Class (Freshman, Sophomore, Jr, Sr.), Aptitude Score classification algorithms for the first-stage (base) models; 2 different sets of '?(;tcf)\?:ltfésh:/pa(:tﬁleesisZE)ZCae)I 'ties and dirterent enoug
(e.g. SAT), Cumulative GPA, Course size, Discipline (SCI, LA, CSM, predictors to train the base models; and 2 different algorithms for the . MUSE fived 2ot X k th 3 b lassif
BUS, SBS, CA), LMS Total Activity (weeks 1-6 + sum), LMS login second-stage model. Each batch was repeated ten times with varying random USES a TIXed 2-Stage Stack wi as€ classitiers.

* Nonetheless, it provides first-time insight of the use of a

generator seeds to account for variation in predictive performance due to the
stacked ensemble architecture in the domain of learning

(weeks 1-6 + sum), LMS Content Read (weeks 1-6 + sum),
data; in each run the data was randomly partitioned into datasets A, Band C

Gradebook Composite Score (weeks 1-6)

with 10343 records each. This amounted to a total of 80 runs in the analytics and early detection of academically at-risk
Target feature: Academic Risk (Yes=at risk; No=good standing) experiment (2 x 2 x 2 x 10). See Tables 3-5 for details. students.
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